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One Loss to Rule Them All:
Marked Time-to-Event for Structured EHR Foundation Models
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Abstract
Clinical events captured in Electronic Health
Records (EHRs) are irregularly sampled and may
consist of a mixture of discrete events and numer-
ical measurements, such as laboratory values or
treatment dosages. The sequential nature of EHR,
analogous to natural language, has motivated the
use of next-token prediction to train prior EHR
Foundation Models (FMs) over events. However,
this pre-training fails to capture the full struc-
ture of EHR. We propose ORA 1, a marked time-
to-event pretraining objective that jointly mod-
els event timing and associated measurements.
Across multiple datasets, downstream tasks, and
model architectures, this objective consistently
yields more generalizable representations than ex-
isting pretraining losses. Importantly, the pro-
posed objective yields improvements beyond tra-
ditional classification evaluation, including bet-
ter regression and time-to-event prediction. Be-
yond introducing a new FM, our results suggest
a broader takeaway: pretraining objectives that
account for all EHR dimensions are critical for
expanding downstream capabilities and generaliz-
ability.

1. Introduction
Inspired by the success of large language models (LLMs), re-
cent foundation models in Electronic Health Records (EHR)
framed medical trajectories as sequences of discrete events
typically pretrained using next-token prediction analogous
to those used in natural language processing (Li et al.,
2020; Pang et al., 2024; 2021; Odgaard et al., 2024). De-
spite these advances, EHR data fundamentally differ from
natural language. EHR events occur at irregular intervals,
multiple clinically relevant events may follow the same his-
tory, and many events are associated with numerical values
such as laboratory measurements or dosages. Most prior
work addresses these differences primarily through tokeniza-
tion or introducing positional encoding (Pang et al., 2024;

1Anonymized code available at https://anonymous.
4open.science/r/EHR_TTE/

Wornow et al., 2024a; Hur et al., 2023). However, these
modifications focus on how data should be represented as
input and often overlook how to capture the underlying data-
generating process in the EHR pretraining losses. The most
common loss, next-token prediction, is a coarse surrogate
for the underlying clinical process. Recent time-to-event
formulations are a promising alternative (Steinberg et al.,
2024; Gadd et al., 2025; Burger et al., 2025), but they often
change the tokenizer, architecture, and loss simultaneously,
making it difficult to isolate the effect of the pretraining
loss in comparison to gains due to improved data represen-
tation (see full literature review in App. A). In this paper,
we aim to answer: Does a loss function accounting for EHR
irregularity and numerical values yield more generalizable
representations than the existing approaches?

To answer this question, we introduce ORA, a marked time-
to-event objective that, for each clinical code, models when
it will next occur, and its associated value. We evaluate ORA
with both Transformer and Mamba base architectures using
the same tokenizer and comparable model size (∼120M).
Across two large EHR datasets, the proposed pretraining
yields an average 11% gain across 15 downstream tasks
spanning binary classification, time-to-event prediction, and
regression.

Our contributions can be summarized as follows:

• Novel loss. Building on the parallel between EHR and
marked point processes, we introduce ORA, a composite
code-specific likelihood to capture EHR complexity.

• Generalizability. We demonstrate improved generaliz-
ability of ORA on top of both Mamba and Transformer base
models across tasks and datasets.

• Comprehensive downstream task evaluation. Our ex-
periments include 7 binary classification, 4 time-to-event
prediction, and 4 regression tasks across two datasets. Our
results demonstrate that ORA improves performance in di-
verse clinically-meaningful tasks.

2. ORA: EHR as marked point process
Notations. We consider each patient i ∈ [1, 2, · · · , N ]’s
EHR data to consist of a tuple Hi := {(t,m, v)i,j , j ∈
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One loss to rule them all

Figure 1. Our work introduces ORA, a marked time-to-event pretraining loss that accounts for the value and irregular timing of EHR,
demonstrating the importance of the loss design for improved downstream capabilities and generalizability.

[1, 2, · · · , Ni]} where t ∈ R+, is the timestamp of the event,
m ∈ M the clinical code associated with the event, such
as ICD-10 diagnosis or procedure codes, and v ∈ R the
optional numerical value associated with the event. Ni

denotes the number of events observed for patient i. For a
patient i, events up to j (ordered by time) are denoted by
Hi,<j . That is, Hi,<j := {(t,m, v)i,l, l ∈ [1, 2, · · · , j −
1]}. Finally, we denote by fm

i,j , the first occurrence of code
m after the time associated with event j, and the set of the
first events of all codes as Fi,j = {∀m, fm

i,j}. Specifically,
we define:

fm
i,j = (∆tmj , v, δ,m)

where, if an event of type m occurs after tj , ∆tmj corre-
sponds to the interval between the current time tj and the
time to the next event m, and δ = 1 as an event indicator. If
no such event occurs in the future, we denote ∆tmj as the
interval up to the last observation, and set the event indicator
to δ = 0. In this context, δ denotes whether an event m
is observed within the recorded EHR for patient i after the
observation j or censored. Accounting for such unobserved
events is critical, as ignoring them leads to biased likelihood
estimates (Chen et al., 2024).

Joint likelihood. An intuitive approach is to maximize
the joint likelihood of the full marked point process, cor-
responding to the joint between the time to the next event,
the associated code, and value: L(θ) =

∏N
i=1 pθ(Hi) =∏N

i=1

∏
j∈[1..Ni]

pθ((t,m, v)i,j | Hi,<j)

However, maximizing this joint likelihood poses some chal-
lenges. First, many downstream predictions depend on sets
of future events and values rather than a single next token.
For example, disease phenotyping is often characterized by
multiple (potentially temporally ordered) codes, combined
with conditions on their values (e.g., abnormal lab results).
Simply optimizing the next-event loss may miss this mul-
tiplicity and long-term representativeness. Second, NTP
provides sparse supervision because only the immediate
next event contributes to the loss. Rare events often have
limited impact on the overall likelihood. Third, this method
implicitly treats future events as mutually exclusive even

though multiple clinically meaningful events may co-occur.

ORA. To address these challenges, we instead propose to
optimize the composite code-specific likelihood. At each
observation j, we jointly model the first occurrence time
and the value of every code:

L̃ORA(θ) =
∏
i

∏
j

∏
(∆t,m,v,δ)∈Fi,j

pθm(∆t, v, δ | Hi,<j)

This replaces single-event supervision with dense multi-
code supervision and naturally incorporates censoring. ORA
assumes conditional independence across codes given the
history; we make this trade-off to avoid imposing an arbi-
trary ordering over co-occurring future events.

Discretized implementation. The central challenge in com-
puting the proposed likelihood is the estimation of the prob-
ability pθm(∆t, v, δ | Hi,<j). Previous work in temporal
point analysis often constrain the intensity function to have
a closed-form integral through parametric assumptions (Du
et al., 2016; Mei & Eisner, 2017), which are computation-
ally expensive. In this work, we follow Lee et al. (2018)
to discretize time and value using code-specific quantiles.
Suppose T and V denote the number of discretized bins
for time and value. For each code m in the vocabulary, the
model outputs a probability matrix Pm

θ [k, l] ∈ [0, 1]T×V ,
representing the probability of observing an event in the kth

time-quantile and lth value-quantile. Under this discretiza-
tion, the log-likelihood can be expressed as:

log L̃ORA(θ) :=

N∑
i=1

∑
j∈[1...Ni]

∑
(t,m,v,δ)∈Fi,j

δ logPm
θ [qm(t, v)](Hi,<j)

+(1− δ) log

1−
qm(t,·)∑
k=1

∑
l

Pm
θ [k, l](Hi,<j)


For observed events, this objective is equal to the cross en-
tropy loss by maximizing the probability mass Pm

θ [qm(t, v)]
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in the associated time and value quantile where (t, v) be-
longs. For censored events, it enforces a low probability
of observing any event before the end of the observation
window, marginalizing over all possible values. The sec-
ond term is essential in modeling the MTPP as ignoring
censoring likelihood biases risk estimates.

3. Experiments
Datasets and tasks. We pretrain on MIMIC-IV and a
private EHR dataset from a large urban hospital called ‘In-
stitution’ hereafter. MIMIC-IV contains roughly 364K pa-
tients with mostly inpatient visits and ICU data. ‘Institution
Dataset’ contains 6.7 million patients with both inpatient
and outpatient visits. We evaluate 15 clinically meaningful
linear-probe tasks: 7 binary classification tasks, 4 time-to-
event tasks, and 4 regression tasks. Dataset splits and precise
cohort definitions are in App. C.1.

• Binary Classification Tasks: In-hospital mortality (Mor-
tality), Length-of-stay (LOS), Readmission, AMI, MASLD,
Celiac and Stroke.

• Time-to-event tasks: AMI, MASLD, Celiac and Stroke.

• Regression tasks: Platelets, Creatinine, Oxygen (PaO2 or
SpO2), and Glucose. These are laboratory measurements
related to sepsis patients.

Baselines To demonstrate the effectiveness of our marked
time to event loss function, we compare against two state-
of-the-art EHR FMs: Context-Clues (Wornow et al., 2024a)
and MOTOR (Steinberg et al., 2024). Context-Clues uses
next-token prediction as its pretraining loss and includes
architectures such as Llama (CC-Llama) and Mamba (CC-
Mamba). MOTOR is a time-to-event FM that predicts the
time to the next event. These two FMs have been shown
to achieve the best performance, as reported in (Pang et al.,
2025). We also compare against task-specific baselines: XG-
Boost, DeepHit, and most-recent-value imputation. These
are strong baselines used in recent studies on EHR founda-
tion models (Steinberg et al., 2021; 2024; Im et al., 2025).

ORA Implementation We follow Steinberg et al. (2024)
by using an entropy filter to construct the vocabulary and
joint encoding to synthesize different clinical concepts (e.g.,
medical codes, numerical values, etc.). To verify that our
loss function is robust across different architectures, we
used both Transformer (Vaswani et al., 2017) and Mamba
(Gu & Dao, 2024) as backbones. For a fair comparison, we
set the parameter size for all models to be around 120M.
Full model descriptions are detailed in App. B.

Evaluation Once pretrained, we freeze the FMs and fit
task-specific linear heads: logistic regression for classifica-

tion, DeepHit for time-to-event prediction, and linear regres-
sion for numerical forecasting on the extracted embeddings.
We report AUROC, time-dependent C-index, and R2.

4. Results
We pretrain all models on MIMIC-IV and Institution. Then
we evaluate them on 7 classification tasks, 4 time-to-event
tasks, and 4 regression tasks. Note that Celiac is only
evaluated in Institution data. We present the results for
MIMIC-IV in the following sections. ORA denotes the best-
performing model between ORA-Transformer and ORA-
Mamba. The full results can be found in App. D.

Table 1. AUROC of Binary Classification Tasks for MIMIC-IV
Patients. Larger is better.

Model Readmission LOS Mortality AMI MASLD Stroke

XGBoost 0.726
(0.003)

0.748
(0.003)

0.882
(0.005)

0.807
(0.008)

0.700
(0.020)

0.708
(0.023)

CC-Llama 0.730
(0.003)

0.781
(0.003)

0.901
(0.005)

0.796
(0.010)

0.663
(0.020)

0.696
(0.025)

CC-Mamba 0.731
(0.003)

0.779
(0.003)

0.896
(0.006)

0.783
(0.009)

0.661
(0.019)

0.665
(0.024)

MOTOR 0.743
(0.002)

0.833
(0.002)

0.954
(0.0023)

0.825
(0.008)

0.703
(0.021)

0.710
(0.019)

ORA 0.747
(0.003)

0.841
(0.002)

0.965
(0.002)

0.832
(0.007)

0.722
(0.020)

0.711
(0.018)

Rel. Improv. +0.54% +0.96% +1.15% +0.85% +2.70% +0.14%

Table 2. C-index of Time-to-event Phenotype Tasks for MIMIC-IV
Patients. Larger is better.

Model AMI MASLD Stroke

Deephit 0.651
(0.029)

0.560
(0.024)

0.574
(0.085)

CC-Llama 0.782
(0.030)

0.687
(0.023)

0.847
(0.039)

CC-Mamba 0.760
(0.035)

0.664
(0.021)

0.845
(0.039)

MOTOR 0.798
(0.027)

0.696
(0.018)

0.828
(0.035)

ORA 0.847
(0.029)

0.735
(0.016)

0.899
(0.024)

Rel. Improv. +6.14% +5.60% +6.14%

ORA improves classification. Across MIMIC-IV and In-
stitution datasets, ORA improves over Context-Clues base-
lines on every classification task with most gains between
2% and 5%. However, the improvement over MOTOR
(pre-trained using time-to-event loss) is small (0% to 2%),
indicating that compared with time-to-event loss, predicting
time and value jointly is not necessarily needed for down-
stream binary classification tasks.

ORA is strongest on time-to-event and regression. ORA
improves time-to-event prediction over all baselines, and
yields an average relative gain of 5% − 7%. The clear-
est benefit appears on regression: ORA consistently beats

3
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Table 3. R2 of Lab Test Regression for MIMIC-IV Patients. Larger
is better. * means its improvement is only calculated with respect
to the best FM baseline (except the most-recent-value imputation).

Model Creatinine PaO2 Platelets Glucose

Most Recent 0.877
(0.034)

-0.431
(0.024)

0.910
(0.002)

-0.030
(0.035)

CC-Llama 0.319
(0.018)

0.219
(0.005)

0.290
(0.004)

0.155
(0.015)

CC-Mamba 0.307
(0.017)

0.218
(0.005)

0.261
(0.004)

0.148
(0.014)

MOTOR 0.556
(0.033)

0.231
(0.005)

0.298
(0.004)

0.163
(0.016)

ORA 0.645
(0.034)

0.286
(0.006)

0.659
(0.003)

0.186
(0.018)

Rel. Improv. 16.00% * +23.81% +121.14%* +14.11%

both Context-Clues and MOTOR baselines across all re-
gression tasks, with task-wise improvements ranging from
16% to 121%. This suggests that explicitly modeling event-
associated values during pretraining transfers most directly
to numerical forecasting. The most recent value imputa-
tion has divergent performance in different tasks, which we
discuss in Section 5.

ORA is robust across different architectures. To exclu-
sively study the influence of the marked time-to-event loss
function in ORA, we design additional ablation studies by
fixing the tokenizer of all models. For both Transformer and
Mamba architecture, we only vary the pretraining loss func-
tion: Next-token Prediction (NTP), Temporal Point Process
(TPP), and ORA. NTP only predicts the next code. TPP
predicts both the time and code. ORA jointly predicts the
time and value for all codes. As shown in Appendix D,
ORA outperforms NTP and is on par with TPP in most
binary classification and time-to-event tasks, and shows the
largest gain (up to 121%) in regression tasks. Across both
backbones, the central conclusion is consistent: pretraining
objectives aligned with irregular timing and values produce
more generalizable EHR representations.

5. Discussion
Our work introduces ORA, a novel pretraining loss that ac-
counts for temporal irregularity and numerical values associ-
ated with EHR events. While previous works have proposed
approaches to account for these dimensions through tok-
enization and the choice of pretraining losses (Burger et al.,
2025; Gadd et al., 2025), no work isolates the sources of rela-
tive improvements across diverse and clinically-meaningful
downstream tasks. Our core contribution is to demonstrate
that the choice of pretraining loss alone is responsible for
a critical improvement in the generalizability of FMs. The
current literature on FMs often focuses on novel architec-
tures, with design choices driven by performance. Isolating

the impact of these choices has seldom been studied, yet it
is critical for further advancement in EHR FMs. Our con-
tribution aims to advance the mathematical foundation of
these models and, consequently, inform the development of
future ones. Furthermore, we extend linear-probe evalua-
tion beyond classification to include time-to-event modeling
and regression. ORA, which captures EHR temporal ir-
regularities and their associated values in the pretraining
loss, improves performance across the broadest range of
downstream tasks, regardless of model architecture, across
multiple datasets.

Robust performance in lab test regression Table 3 sug-
gests that the most recent value imputation baseline is par-
ticularly strong for lab measurements with high short-term
stability, such as creatinine and platelets. If a lab changes
slowly, the latest observed value is already a strong predic-
tor. In contrast, ORA performs best on measurements that
quickly evolve, such as PaO2 and glucose. To quantify this,
we measured the median relative change between consecu-
tive observations: creatinine and platelets change by only
about 9%, whereas PaO2 and glucose change by roughly
14–18%. These larger short-term fluctuations make last-
value imputation less effective, consistent with the strongly
negative R2 for PaO2 and glucose. This is also clinically
plausible, as PaO2 and glucose can change rapidly in re-
sponse to treatment and acute physiologic status. Finally,
ORA consistently outperforms the other foundation model
baselines across all four regression tasks, indicating better
overall robustness across heterogeneous lab outcomes.

Interpreting ORA in clinical contexts. By training models
on both the timing and measurement of laboratory measure-
ments, our loss function have the potential to closely approx-
imate the clinical practice, where 60−70% of diagnoses are
made using laboratory tests (Agarwal, 2014). Unlike other
parts of the structured EHR (e.g., diagnoses, prescriptions,
procedures) that represent healthcare processes, laboratory
measurements provide unique biological insights into a per-
son at the time they are tested. Thus, improving our capa-
bilities to simulate and forecast laboratory measurements in
conjunction with vital signs and diagnoses has important im-
plications for holistic modeling of patient trajectories (Renc
et al., 2024).

Limitations and future work. Our evaluation focuses on
generalizability of different tasks. Given prior evidence that
multi-task training improves robustness under distribution
shift (Jeanselme et al., 2025), an important direction for
future work is to assess ORA’s pretraining using multiple
datasets. Meanwhile, we fix the model capacity at approxi-
mately 120M parameters. While we demonstrate that ORA
outperforms NTP in most tasks, future work should examine
whether the observed improvements persist as we increase
the model parameters.
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Impact Statement
Foundation models in healthcare promise to democratize
access to advanced modeling capabilities for institutions
lacking the resources to build models from scratch. Yet this
promise comes with risks to privacy, fairness, and safety.
Although this paper advances the mathematical foundations
of these models, such risks must be rigorously addressed
before any clinical implementation.
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A. Related Work
This section reviews FMs for structured EHR data, with an emphasis on how the literature adapts natural language strategies
to model clinical data. We then examine the training objectives inherited from this field and discuss alternatives.

Foundation models for structured EHR. Echoing the success of language models, FMs have emerged as an effective
paradigm in structured EHR modeling (Wornow et al., 2023; Steinberg et al., 2021; Odgaard et al., 2024; Pang et al., 2025;
Cui et al., 2025; Steinberg et al., 2024; Wornow et al., 2024a; Gadd et al., 2025; Burger et al., 2025; Shmatko et al., 2025;
Wornow et al., 2024b). Instead of task-specific models, FMs are pretrained on large amounts of structured EHR to extract
representations with the goal of linear-probe predictive capabilities (Pang et al., 2025). We refer the reader to Ren et al.
(2025) for an extensive survey of structure and unstructured EHR FMs, and focus this review on how the key differences
between EHR from natural language.

EHR data is characteristically marked by irregular time points and may include numerical values, such as the time of mea-
surement and the corresponding result. Ignoring these dimensions discards important proxies of patients’ health (Jeanselme,
2024), potentially reducing the representativeness of FMs.

EHR representation. Two key alternatives have been proposed to represent these different dimensions in a format amenable
to training FMs: serialization and tokenization. First, the availability of text-based general-purpose LLMs has spurred
work in training representations using text-serialized EHR data (Su et al., 2025; Hegselmann et al., 2025; 2023; Lee et al.,
2024; 2025; Cui et al., 2025). While our findings may provide insights for training such models, we focus on explicit
tokenization of structured EHR elements, which represents the sequence of diagnosis codes, procedures, prescriptions, labs,
and visit information as tokens using clinically relevant vocabularies (Hripcsak et al., 2019), as opposed to natural language
vocabularies. For instance, BEHRT (Li et al., 2020), Med-BERT (Rasmy et al., 2021), CEHR-BERT (Pang et al., 2021) and
variants (An et al., 2025; Shmatko et al., 2025) leverage such token sequences to train BERT architectures (Devlin et al.,
2019). More recently, decoder-based approaches reframe EHR modeling using next-token prediction (Pang et al., 2024).
Beyond standard transformer architectures, state-space models like Mamba (Gu & Dao, 2023) have also been used to model
EHR sequences, and demonstrate strong generalizability across different downstream tasks (Fallahpour et al., 2024; Wornow
et al., 2024a).

However, the challenge associated with time and value remains in this tokenization. To handle irregular medical events,
CEHR-BERT (Pang et al., 2021) introduces artificial time tokens as input. MOTOR (Steinberg et al., 2024) uses rotary
position embeddings to integrate time in the attention mechanism. For numerical value encoding, Wornow et al. (2024a)
discretizes numerical code into tokens. Alternatively, Hill et al. (2023) assigns measurement to a unique embedding.

An inherited pretraining loss from natural language. The parallel between medical event streams and words in a sentence
has not only influenced the way to represent EHR but also to train such models (McDermott et al., 2023). Particularly, FMs’
training often relies on maximizing the likelihood of the next token. Even in the more general context of time series, FMs
often minimize this loss (Ansari et al., 2024) or the mean square error of the next value (Jin et al., 2023; Goswami et al.,
2024; Chang et al., 2025a; Das et al., 2024), implicitly assuming temporal regularity in observation sequences. Such losses
do not account for the temporal irregularities and associated values characteristic of EHR, a problem that has largely been
overlooked in the development of FMs.

Marked point process. In statistics, irregularly sampled time series are typically modeled using temporal point processes.
When events are associated with values, a marked point process captures the underlying stochastic process (Snyder & Miller,
2012; Daley & Vere-Jones, 2003). Prior work has explored improving predictive models by modeling EHR event types
jointly with their occurrence times, often through point-process formulations (Du et al., 2016; Enguehard et al., 2020;
Bhave & Perotte, 2021; Islam et al., 2017; Schulam & Saria, 2017; Alaa et al., 2017). More recent FMs extend this idea by
introducing time-to-event pretraining objectives that require predicting not only which event occurs next, but also when it
occurs (Karami et al., 2024; Steinberg et al., 2024; Chang et al., 2025b; Shmatko et al., 2025). Most closely related to our
work, a couple of FMs model event-associated values (Gadd et al., 2025; Burger et al., 2025). However, the variability in
tokenization strategies and architectural differences has made it challenging to isolate the impact of the choice of pretraining
loss on downstream performance. Prior benchmarking evaluates performance gains in linear-probe classification tasks,
demonstrating inconsistent gains and limited transportability across clinically meaningful predictions and models (Pang
et al., 2025; Wornow et al., 2024b). In contrast, our work isolates the role of the pretraining objective, while expanding
downstream evaluation to linear-probe regression and time-to-event prediction.
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B. Implementing ORA
To maximize the previous likelihood, one must extract a representation of the medical history Hi,<j and compute the
matrix Pm(x). Importantly, the proposed pre-training loss is architecture agnostic. We propose evaluating its efficacy on
common FMs architectures: an attention-based architecture (Transformer (Vaswani et al., 2017)) and a state-space model
(Mamba (Gu & Dao, 2024)) to demonstrate its utility for modeling EHR data.

B.1. EHR Tokenization

To isolate the effects of the loss on performance, we fix the tokenizer to the one developed by Steinberg et al. (2024) and
adopt a similar entropy-based filter to construct the vocabulary with the most informative events. Instead of taking the most
frequent events in the vocabulary, we select codes with the highest entropy over the whole dataset. Define p(m) as the
probability that the code appears in each patient. The entropy calculation is as follows:

H(m) = −p(m)log(m)

If the dataset has an ontology mapping, we can calculate the conditional entropy of any code m relative to its parent n.
Suppose p(m,n+) denotes the probability that both m and n appear per patient and p(m,n−) be the probability that only
m appears in the patient. p(m) = p(m,n+) + p(m,n−), the conditional entropy is as follows:

H(m|n) = −p(m,n−)log
p(m,n−)

p(m)
− p(m,n+)log

p(m,n+)

p(m)

B.2. Model Backbones

Following Steinberg et al. (2024), we adopt a decoder-only Transformer backbone that avoids look-ahead from future
medical events through a causal attention mechanism. Unlike the standard Transformer, it uses rotary position embeddings
with age for improved temporality processing. It also adopts local attention and sample packing for efficient pretraining.

As an alternative, we train Mamba, a state-space model introduced in Gu & Dao (2024), using the proposed pretraining loss.
Mamba replaces attention-based modules in the Transformer with a selective state-space block, whose compute time scales
linearly with sequence length. Prior work has shown its advantage over the Transformer in capturing long, irregular EHR
sequences with temporal dependencies (Wornow et al., 2024a; Fallahpour et al., 2024).

For a fair comparison across different architectures, we set the parameter size for all models to around 120M. Within each
architecture, we also use the same configuration files for different losses, which is specified as follows:
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Table 4. Model configurations.

Model Configuration Value

Transformer context length 8192
learning rate 1e−5
dim model 768
intermedicate size 3072
num layers 11
num heads 12
Total Parameters 119M

Mamba context length 8192
learning rate 2e−4
dim model 768
intermedicate size 1536
num layers 28
num heads 16
Total Parameters 120M

B.3. Efficient Projection Head

The last layer of our architectures includes a head to project the output embedding E ∈ RD, with D is the model’s hidden
dimension, to the probability matrix ∀m ∈ M, Pm(x) ∈ (0, 1)T×V . A direct projection from RD to the discretized joint of
shape T × V × |M| would require an impractical number of parameters to estimate. Instead, following (Steinberg et al.,
2024), we use a factorized two-stage computation. First, a one-layer fully connected neural network projects the embedding
E to time-specific features Hj ∈ RT×D2 . Then we use a second projection followed by a final Softmax for all codes with
numerical values, projecting Hj into the final matrix Pm ∈ [0, 1]T×V . Similarly, for nonnumerical codes, a single-layer
project into Pm ∈ [0, 1]T×1.

In our experiments, we use D = 768, D2 = 512, T = 8, V = 10. |M| is decided by the vocabulary size of each dataset.
This factorization reduces the number of parameters by 20% compared to a fully connected network that projects the
embedding onto the discretized joint. The visualization is as follows. Mnon and Mnum represent nonnumerical codes and
numerical codes for pretraining, respectively.
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Figure 2. Efficient prediction head: We share the same projection layer for both nonnumerical and numerical codes and then use two
different projection heads to output the separate probability matrices.

C. Experimental setting
C.1. Datasets

Table 5. Dataset Split of MIMIC-IV and Institution

Split Name MIMIC-IV Institution

# Patients # Events # Patients # Events

Training Set 291,702 579,667,440 3,996,578 1,562,316,866
Tuning Set 36463 71,789,378 705,279 273,247,565

Test Set 36462 71,290,747 2,015,082 781,462,164

C.2. Cohort Definition

C.2.1. OUTCOME DEFINITION

We construct three outcome tasks using the same definitions as in (Pang et al., 2025). The detailed inclusion criteria can be
found in section 3.2 of the referenced paper.

C.2.2. PHENOTYPE DEFINITION

For each disease, we define a set of at-risk events as cohort inclusion criteria and a set of case events to determine patients’
labels. Compared with using a set of ICD codes, this method adds more task difficulty and is more clinically meaningful.

C.2.3. REGRESSION DEFINITION

We define regression tasks as predicting the lab test after 4 hours of the prediction time. Each lab event can be identified
with a corresponding code in the following table:
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Figure 3. Visualization of Cohort Definition. The detailed definition of at-risk, prediction time, and case events can be found in Appendix
B of (Pang et al., 2025).

Table 6. Corresponding Medical Codes for All Regression Tasks on MIMIC and Institution

Task MIMIV-IV Institution(OMOP)

Creatinine 50912 LOINC/2160-0
Platelets 51265 LOINC/26515-7
Oxygen 50821 (PaO2) LOINC/2708-6 (SpO2)

D. Experiment Results
This section details the performance for each architecture, loss, and task across both datasets.

D.1. MIMIC-IV

We evaluate all models on 6 classification tasks, 3 time-to-event tasks and 3 regression tasks on MIMIC-IV.

D.1.1. CLASSIFICATION

Table 7. AUROC of Binary Classification Tasks for MIMIC-IV Patients. Larger is better.

Model Readmission LOS Mortality AMI MASLD Stroke

XGBoost 0.726
(0.003)

0.748
(0.003)

0.882
(0.005)

0.807
(0.008)

0.700
(0.020)

0.708
(0.023)

CC-Llama 0.730
(0.003)

0.781
(0.003)

0.901
(0.005)

0.796
(0.010)

0.663
(0.020)

0.696
(0.025)

CC-Mamba 0.731
(0.003)

0.779
(0.003)

0.896
(0.006)

0.783
(0.009)

0.661
(0.019)

0.665
(0.024)

MOTOR 0.743
(0.002)

0.833
(0.002)

0.954
(0.0023)

0.825
(0.008)

0.703
(0.021)

0.710
(0.019)

Transformer-NTP 0.728
(0.003)

0.808
(0.002)

0.926
(0.004)

0.810
(0.008)

0.691
(0.020)

0.691
(0.025)

Transformer-TPP 0.744
(0.004)

0.839
(0.002)

0.963
(0.003)

0.818
(0.007)

0.705
(0.018)

0.700
(0.020)

Transformer-ORA 0.745
(0.003)

0.841
(0.002)

0.965
(0.002)

0.827
(0.007)

0.714
(0.017)

0.711
(0.018)

Mamba-NTP 0.732
(0.004)

0.813
(0.002)

0.933
(0.004)

0.814
(0.008)

0.679
(0.020)

0.719
(0.022)

Mamba-TPP 0.741
(0.003)

0.809
(0.003)

0.934
(0.004)

0.822
(0.007)

0.709
(0.020)

0.666
(0.017)

Mamba-ORA 0.747
(0.003)

0.812
(0.002)

0.939
(0.004)

0.832
(0.007)

0.722
(0.020)

0.660
(0.022)

12



660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714

One loss to rule them all

D.1.2. TIME-TO-EVENT

Table 8. C-index of Time-to-event Phenotype Tasks for MIMIC-IV Patients. Larger is better.

Model AMI MASLD Stroke

Deephit 0.651
(0.029)

0.560
(0.024)

0.574
(0.085)

CC-Llama 0.782
(0.030)

0.687
(0.023)

0.847
(0.039)

CC-Mamba 0.760
(0.035)

0.664
(0.021)

0.845
(0.039)

MOTOR 0.798
(0.027)

0.696
(0.018)

0.828
(0.035)

Transformer-NTP 0.760
(0.034)

0.679
(0.018)

0.767
(0.064)

Transformer-TPP 0.839
(0.028)

0.702
(0.019)

0.899
(0.023)

Transformer-Numerical 0.823
(0.025)

0.658
(0.019)

0.821
(0.039)

Transformer-ORA 0.819
(0.029)

0.735
(0.016)

0.899
(0.024)

Mamba-NTP 0.773
(0.030)

0.667
(0.018)

0.743
(0.064)

Mamba-TPP 0.844
(0.029)

0.739
(0.017)

0.825
(0.034)

Mamba-ORA 0.847
(0.029)

0.703
(0.019)

0.837
(0.034)
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D.1.3. REGRESSION

Table 9. R2 of Lab Test Regression for MIMIC-IV Patients. Larger coefficient reflects a larger proportion of variance explained.

Model Creatinine PaO2 Platelets

CC-Llama 0.319
(0.018)

0.219
(0.005)

0.290
(0.004)

CC-Mamba 0.307
(0.017)

0.218
(0.005)

0.261
(0.004)

MOTOR 0.556
(0.033)

0.231
(0.005)

0.298
(0.004)

Most Recent 0.877
(0.034)

-0.431
(0.024)

0.910
(0.002)

Transformer-NTP 0.489
(0.025)

0.259
(0.005)

0.312
(0.004)

Transformer-TPP 0.603
(0.030)

0.234
(0.005)

0.310
(0.003)

Transformer-ORA 0.603
(0.028)

0.267
(0.005)

0.605
(0.003)

Mamba-NTP 0.595
(0.029)

0.270
(0.005)

0.407
(0.003)

Mamba-TPP 0.617
(0.030)

0.241
(0.005)

0.400
(0.004)

Mamba-ORA 0.645
(0.034)

0.286
(0.006)

0.659
(0.003)

Table 10. RMSE of Lab Test Regression for MIMIC-IV Patients. Lower is better.

Model Creatinine PaO2 Platelets

Baseline 0.503
(0.084)

77.727
(0.535)

38.632
(0.326)

CC-Llama 1.244
(0.053)

57.369
(0.466)

108.897
(0.653)

CC-Mamba 1.255
(0.052)

57.421
(0.462)

111.113
(0.635)

MOTOR 0.968
(0.067)

56.920
(0.447)

108.285
(0.630)

Transformer-NTP 1.038
(0.058)

55.888
(0.461)

107.198
(0.647)

Transformer-TPP 0.915
(0.063)

56.816
(0.452)

107.359
(0.605)

Transformer-ORA 0.915
(0.062)

55.576
(0.439)

81.202
(0.593)

Mamba-NTP 0.925
(0.062)

55.475
(0.451)

99.533
(0.632)

Mamba-TPP 0.899
(0.064)

56.549
(0.447)

100.106
(0.567)

Mamba-ORA 0.866
(0.068)

54.877
(0.429)

75.476
(0.581)
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One loss to rule them all

Table 11. MAE of Lab Test Regression for MIMIC-IV Patients. Lower is better.

Model Creatinine PaO2 Platelets

Baseline 0.193
(0.002)

45.537
(0.324)

25.184
(0.136)

CC-Llama 0.803
(0.004)

38.620
(0.230)

78.139
(0.312)

CC-Mamba 0.811
(0.004)

38.593
(0.219)

80.145
(0.317)

MOTOR 0.542
(0.004)

38.211
(0.206)

77.215
(0.322)

Transformer-NTP 0.651
(0.004)

37.102
(0.218)

76.247
(0.310)

Transformer-TPP 0.507
(0.003)

38.114
(0.217)

76.565
(0.310)

Transformer-ORA 0.504
(0.003)

36.859
(0.209)

56.163
(0.249)

Mamba-NTP 0.547
(0.003)

36.983
(0.209)

70.657
(0.284)

Mamba-TPP 0.492
(0.003)

37.667
(0.207)

70.825
(0.277)

Mamba-ORA 0.448
(0.003)

36.319
(0.199)

51.451
(0.236)
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One loss to rule them all

D.2. Institution

As external validation, this section shows similar results across tasks and architectures on the Institution dataset, a large
urban center.

D.2.1. CLASSIFICATION

Table 12. AUROC of Binary Classification Tasks for Institution Patients. Larger is better.

Model Readmission LOS Mortality AMI MASLD Stroke Celiac

XGBoost 0.732
(0.003)

0.773
(0.002)

0.875
(0.005)

0.833
(0.008)

0.681
(0.009)

0.872
(0.006)

0.650
(0.031)

CC-Llama 0.758
(0.003)

0.798
(0.002)

0.892
(0.004)

0.821
(0.009)

0.731
(0.008)

0.846
(0.007)

0.604
(0.040)

CC-Mamba 0.757
(0.003)

0.784
(0.002)

0.883
(0.004)

0.816
(0.009)

0.706
(0.008)

0.865
(0.007)

0.635
(0.038)

MOTOR 0.783
(0.003)

0.850
(0.002)

0.963
(0.002)

0.853
(0.007)

0.727
(0.007)

0.869
(0.006)

0.647
(0.030)

Transformer-NTP 0.760
(0.003)

0.842
(0.002)

0.938
(0.003)

0.821
(0.008)

0.713
(0.009)

0.849
(0.007)

0.624
(0.039)

Transformer-TPP 0.784
(0.003)

0.857
(0.002)

0.963
(0.002)

0.843
(0.008)

0.718
(0.008)

0.863
(0.006)

0.736
(0.033)

Transformer-ORA 0.787
(0.003)

0.866
(0.002)

0.968
(0.002)

0.850
(0.008)

0.745
(0.007)

0.870
(0.007)

0.749
(0.036)

Mamba-NTP 0.757
(0.003)

0.817
(0.002)

0.915
(0.003)

0.780
(0.010)

0.681
(0.008)

0.830
(0.007)

0.637
(0.033)

Mamba-TPP 0.776
(0.003)

0.859
(0.002)

0.942
(0.003)

0.854
(0.008)

0.737
(0.008)

0.864
(0.006)

0.739
(0.034)

Mamba-ORA 0.779
(0.002)

0.861
(0.002)

0.946
(0.003)

0.858
(0.008)

0.766
(0.008)

0.873
(0.006)

0.744
(0.038)
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One loss to rule them all

D.2.2. TIME-TO-EVENT

Table 13. C-index of Time-to-event Phenotype Tasks for Institution Patients. Larger is better.

Model AMI Celiac Ischemic Stroke MASLD

Deephit 0.617
(0.009)

0.564
(0.029)

0.626
(0.009)

0.601
(0.005)

CC-Llama 0.719
(0.007)

0.581
(0.022)

0.780
(0.006)

0.620
(0.006)

CC-Mamba 0.732
(0.008)

0.673
(0.018)

0.773
(0.006)

0.603
(0.006)

MOTOR 0.752
(0.007)

0.593
(0.023)

0.760
(0.007)

0.624
(0.005)

Transformer-NTP 0.683
(0.007)

0.582
(0.026)

0.727
(0.008)

0.605
(0.006)

Transformer-TPP 0.729
(0.008)

0.577
(0.023)

0.748
(0.007)

0.616
(0.005)

Transformer-ORA 0.721
(0.009)

0.604
(0.020)

0.769
(0.006)

0.626
(0.005)

Mamba-NTP 0.693
(0.008)

0.519
(0.024)

0.721
(0.008)

0.613
(0.005)

Mamba-TPP 0.739
(0.008)

0.641
(0.023)

0.758
(0.008)

0.603
(0.005)

Mamba-ORA 0.747
(0.007)

0.679
(0.021)

0.767
(0.007)

0.637
(0.006)
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One loss to rule them all

D.2.3. REGRESSION

Table 14. R2 of Lab Test Regression for Institution Patients. Larger coefficient reflects a larger proportion of variance explained.

Model Creatinine Platelets SpO2

Most Recent 0.679
(0.036)

0.426
(0.011)

0.078
(0.013)

CC-Llama 0.298
(0.013)

0.150
(0.005)

0.770
(0.007)

CC-Mamba 0.277
(0.013)

0.146
(0.006)

0.762
(0.007)

MOTOR 0.469
(0.020)

0.198
(0.007)

0.842
(0.006)

Transformer-NTP 0.431
(0.022)

0.228
(0.006)

0.816
(0.007)

Transformer-TPP 0.397
(0.018)

0.203
(0.007)

0.832
(0.006)

Transformer-ORA 0.542
(0.024)

0.349
(0.008)

0.836
(0.006)

Mamba-NTP 0.423
(0.024)

0.220
(0.007)

0.809
(0.006)

Mamba-TPP 0.543
(0.027)

0.311
(0.008)

0.849
(0.006)

Mamba-ORA 0.582
(0.029)

0.464
(0.007)

0.852
(0.006)

Table 15. RMSE of Lab Test Regression for Institution Patients. Lower is better.

Model Creatinine Platelets SpO2

Most Recent 0.630
(0.047)

74.419
(1.048)

15.598
(0.225)

CC-Llama 0.987
(0.035)

90.486
(0.941)

7.802
(0.114)

CC-Mamba 1.001
(0.035)

90.695
(0.939)

7.939
(0.112)

MOTOR 0.825
(0.042)

88.308
(0.948)

6.437
(0.123)

Transformer-NTP 0.856
(0.039)

86.837
(0.969)

6.948
(0.110)

Transformer-TPP 0.879
(0.041)

88.046
(0.936)

6.638
(0.117)

Transformer-ORA 0.766
(0.044)

79.574
(0.883)

6.555
(0.122)

Mamba-NTP 0.860
(0.045)

87.097
(0.881)

7.078
(0.110)

Mamba-TPP 0.765
(0.047)

81.869
(0.911)

6.301
(0.123)

Mamba-ORA 0.732
(0.047)

72.188
(0.878)

6.226
(0.118)
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One loss to rule them all

Table 16. MAE of Lab Test Regression for Institution Patients. Lower is better.

Model Creatinine Platelets SpO2

Most Recent 0.235
(0.004)

47.591
(0.428)

6.377
(0.112)

CC-Llama 0.567
(0.006)

65.073
(0.458)

4.670
(0.046)

CC-Mamba 0.567
(0.006)

65.327
(0.488)

4.742
(0.045)

MOTOR 0.402
(0.006)

63.290
(0.478)

3.325
(0.038)

Transformer-NTP 0.445
(0.005)

62.540
(0.436)

3.968
(0.037)

Transformer-TPP 0.406
(0.006)

63.068
(0.435)

3.448
(0.037)

Transformer-ORA 0.341
(0.005)

56.882
(0.376)

3.377
(0.040)

Mamba-NTP 0.434
(0.006)

62.555
(0.393)

4.086
(0.039)

Mamba-TPP 0.340
(0.005)

58.465
(0.407)

3.196
(0.038)

Mamba-ORA 0.326
(0.005)

49.793
(0.357)

3.103
(0.037)
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